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China’s large aerosol emissions have major impacts on global climate change as well as regional air
pollution and its associated disease burdens. A detailed understanding of the spatiotemporal patterns of
aerosol components is necessary for the calculation of aerosol radiative forcing and the development of
effective emission control policy. Model-simulated and satellite-retrieved aerosol components can
support climate change research, PM2.5 source appointment and epidemiological studies. This study
evaluated the total and componential aerosol optical depth (AOD) from the GEOS-Chem model (GC) and
the Global Ozone Chemistry Aerosol Radiation and Transport model (GOCART), and the Multiangle
Imaging Spectroradiometer (MISR) from 2006 to 2009 in China. Linear regression analysis between the
GC and AErosol RObotic NETwork (AERONET) in China yielded similar correlation coefﬁcients (0.6 daily,
0.71 monthly) but lower slopes (0.41 daily, 0.58 monthly) compared with those in the U.S. This difference
was attributed to GC’s underestimation of water-soluble AOD (WAOD) west of the Heihe-Tengchong Line,
the dust AOD (DAOD) in the fall and winter, and the soot AOD (SAOD) throughout the year and
throughout the country. GOCART exhibits the strongest dust estimation capability among all datasets.
However, the GOCART soot distribution in the Northeast and Southeast has signiﬁcant errors, and its
WAOD in the polluted North China Plain (NCP) and the South is underestimated. MISR signiﬁcantly
overestimates the water-soluble aerosol levels in the West, and does not capture the high dust loadings
in all seasons and regions, and the SAOD in the NCP. These discrepancies can mainly be attributed to the
uncertainties in the emission inventories of both models, the poor performance of GC under China’s high
aerosol loading conditions, the omission of certain aerosol tracers in GOCART, and the tendency of MISR
to misidentify dust and non-dust mixtures.
© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).n@radi.ac.cn (L. Chen).
Ltd. This is an open access article u1. Introduction
Atmospheric aerosols have major impacts on global radiative
forcing (RF) and continue to have the largest uncertainty in the total
RF estimate (IPCC, 2013). The quantitative spatial-temporal pat-
terns of aerosol components are needed to calculate the accurate RFnder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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nitrate, and ammonium (SNA), usually exert a negative RF effect,
whereas absorbing aerosols, such as black carbon (BC), can result in
a warming effect. As a major contributor to global aerosol emis-
sions, the total aerosol RF in China is still unclear due to the in-
adequacy of existing tools, methodologies and available
measurements. Furthermore, a better understanding of the distri-
bution of aerosol components would facilitate research on PM2.5
source apportionment and evaluations of the effectiveness of
emissions control policies. To date, China’s industrialized regions
have seen increasing occurrences of heavy haze caused by severe
PM2.5 pollution; however, there is little consensus on the haze
formation mechanism, which might involve industrial pollution,
coal combustion, vehicle exhaust, local and long-range transported
dust (Wang et al., 2006), biomass burning (Li et al., 2010) and
secondary inorganic aerosol (Zhang et al., 2013). Finally, epidemi-
ological studies have shown that the adverse health effects of PM2.5
depend on not only its concentration but also its components (Kelly
and Fussell, 2012; Rohr and Wyzga, 2012). Many PM2.5 pathogenic
mechanisms are unclear because PM2.5 components may vary in
their toxicity and in the degree to which they contribute to the
mortality and other adverse health effects. For example, dust in
China has been a risk factor in hospitalizations for respiratory and
cardiovascular complaints (Meng and Lu, 2007). Differential
toxicity can have important implications for both the establishment
of ambient air quality standards and for more targeted pollution
control strategies.
The chemical, physical and optical characteristics of aerosol
components are commonly recorded using ground measurements.
However, the major obstacle in understanding Chinese aerosol
components is the lack of a publicly accessible in situ measurement
network (Chan and Yao, 2008). Most studies (e.g., Feng et al., 2007;
Yang et al., 2005; Zhang et al., 2013) have been conducted at a single
location for a short period. Studies on large-scale distribution of
aerosol components are usually based on the atmospheric chemical
transport models (CTMs) because of their ability to provide infor-
mation at regional to global scales with complete temporal and
spatial coverage. CTMs such as the Global 3-D Atmospheric
Chemical Transport model (GEOS-Chem) and the Global Ozone
Chemistry Aerosol Radiation and Transport model (GOCART) can
simulate the mass concentration and optical properties of major
PM2.5 components, including sulfate, BC, organic carbon (OC), dust,
and sea salt (Chin et al., 2002; Fairlie et al., 2007; Jaegle et al., 2011;
Park et al., 2004). To date, these two models have been widely
applied all over the world and in China. For example, Streets et al.
presented the annual emission trends of BC and OC for East Asia
from 1980 to 2000 based on GOCART data (Streets et al., 2008).
Wang et al. examined the change of SNA aerosols over China due to
the anthropogenic emission changes of their precursors (SO2, NOx,
and NH3) from 2000 to 2015 using the GC model. In addition, GC
and GOCART are useful links between satellite and ground obser-
vations (Chin et al., 2002), for example, for improving satellite
aerosol retrievals (Drury et al., 2008; Li et al., 2013b, 2015; Wang
et al., 2010), estimating the PM2.5 concentrations (van Donkelaar
et al., 2010), and constraining aerosol emissions and their pre-
cursors (Xu et al., 2013).
In addition to the CTM, satellite remote sensing has beenwidely
used to characterize aerosols and their impact on climate change
and air quality. With two sensors in orbit and a swath width of over
2000 km, NASA/MODIS has proven valuable in deriving aerosol
distributions and properties with a nearly daily global coverage.
However, most sensors like MODIS are only able to monitor the
total aerosol information, such as column AOD and Ångstr€om
exponent due to the limitations of the camera design and retrieval
algorithm. TheMulti-angle Imaging SpectroRadiometer (MISR) waslaunched aboard the NASA Earth Observing System’s Terra space-
craft in December 1999. MISR has nine cameras pointed toward the
Earth, ranging from þ70 through nadir to 70. Each camera’s focal
plane contains four line arrays of 1504 photoactive pixels at 440,
558, 670 and 865 nm (Kahn et al., 2009). With this unique design
and its powerful empirical orthogonal function (EOF) retrieval al-
gorithm, MISR can provide valuable information on particle size,
single scattering albedo, and even aerosol composition (Liu et al.,
2007a,b, 2009). MISR is also a reasonable data source for assess-
ing model tracers on a continental scale (Li et al., 2013a). However,
to our best knowledge, MISR-based applications in China are far
from common, unlike those based on MODIS products. Most pre-
vious studies conducted trend analyses (de Meij et al., 2012), and
the validation of MISR’s total column AOD, e.g. in urban (Cheng
et al., 2012; Jiang et al., 2007) and desert regions (Christopher
and Wang, 2004). To date, no study has speciﬁcally focused on
inferring the aerosol components in China to determine the
detailed spatiotemporal patterns using MISR data.
In China, aerosol originates from a wide variety of natural and
anthropogenic sources, making its components very complex.
China’s air pollution has obvious regional variations due to the
natural environment and traditional industrial layout. Meanwhile,
many regions have implemented the “Blue Sky Act” to control
pollutant emissions by adjusting the industrial structure and
eliminating outdated production capacity. Accordingly, the levels of
PM2.5 and its components also vary, and their fate and transport are
affected. China’s ground-based PM2.5 network has been operational
since 2012. However, much of the equipment in this network is
distributed in cities and is only able to monitor the total PM2.5
concentration, not its components. Climate change, PM2.5 source
appointment and epidemiological studies usually require large-
scale and long-term aerosol composition data. Therefore, esti-
mating the model-simulated and satellite-retrieved aerosol com-
ponents would be very useful in China, especially for regions not
covered by ground observations. Our current analysis aims to
compare the componential AOD derived from the GC and GOCART
models and the MISR product. The rest of this paper is organized as
follows. Section 2 describes the study domain and the data used in
this analysis. Section 3 presents the results of a comparison in
various spatial and temporal averaging windows and the summary
of statistics from the different data sets. Finally, the major ﬁndings
and potential future improvements of the current analysis are
summarized in Section 4.
2. Data and method
2.1. Study domain
China lies between latitudes 18 and 54N and longitudes 73
and 135E. Its landscapes vary signiﬁcantly across its vast width,
and the climate differs from region to region because of its highly
complex topography. Under these different natural environments,
anthropogenic emissions also exhibit distinct regional character-
istics. According to its natural conditions and production types,
China can be divided into four regions (by the black lines in Fig. 1):
North, South, Northwest and the Qinghai-Tibetan Plateau (QTP
hereinafter). Taking the Heihe-Tengchong Line (red line in Fig. 1) as
a boundary, the North and South roughly refer to the developed/
polluted East, while the Northwest and QTP belong to the sparsely
populated West. Table 1 lists the territories, topographies, climates
(including temperature zone, precipitation, and dry-wet condi-
tions), and vegetation features of China’s major geographical re-
gions. In addition, we also focus on China’s two largest
anthropogenic and natural aerosol source areas, the North China
Plain (NCP, located in the blue box in the North) and Taklimakan
S. Li et al. / Atmospheric Environment 141 (2016) 320e332322Desert (T-Desert, located in the blue box in the Northwest). Rapid
economic growth in the NCP has increased fossil fuel consumption
and the frequency of hazy days, making the NCP one of the most
polluted regions in the world (van Donkelaar et al., 2010). The
Taklimakan Desert is the world’s second largest shifting sand
desert, with approximately 85% of this area being shifting sand
dunes, and has been considered an important source of long-range
dust transport to other regions of China and the Paciﬁc Ocean.2.2. GC and GOCART simulations
Our approach classiﬁes different CTM aerosol tracers into three
main categories: water-soluble (including sulfate, nitrate and
ammonium), dust and soot (including BC and OC) aerosol. Unfor-
tunately, GC treats all sulfate particles as ammonium sulfate, but as
global and annual averages, the solid particles contribute 34% of the
sulfate burden, and 20% of the AOD, with the balance in all cases
from aqueous particles (Wang et al., 2008). In addition, nitrate and
ammonium are not simulated in the current GOCART model. The







whereQext is the extinction efﬁciency, reff is the effective radius, r is
the aerosol density and M is the column mass loading. TheFig. 1. Spatial distribution of GC 2  2.5 (red squares) and GOCART 1  1.25 (black squar
from 2006 to 2009. The black lines divide China into North, South, Northwest and QTP re
Tengchong Line (red line), while the Northwest and QTP belong to the sparsely populated
ral aerosol source areas, which are located in the blue boxes of the North (NCP) and the North
legend, the reader is referred to the web version of this article.)parameters Qext , reff , and r in GC and GOCART are based on the
Global Aerosol Data Set (GADS) data. Each model has also been
updating their aerosol proprieties from recent observations of
ground-based measurements and ﬁeld campaigns. The GC version
used in this approach (release 9.2) takes into account new dust, OC,
and sea salt optical properties. M is simulated based on the atmo-
spheric chemical mechanisms by inputting meteorological ﬁelds
and emission inventories. Both models are driven by assimilated
meteorological observations from GEOS data (GEOS-5 for GC and
GEOS Data Assimilation System for GOCART). In this study, both
models are conducted for the time period from 2006 to 2009 at the
same temporal (3-h) and vertical (37-layer) resolutions but
different horizontal resolutions (GC: 2  2.5; GOCART:
1  1.25). As shown in Fig. 1, there are 242 2  2.5 GC grid cells
and 958 1  1.25 GOCART grid cells in China. In addition to
chemistry schemes, the accuracy of CTM simulations depends
heavily on the quality of emission inventories. Both models use the
Emissions Database for Global Atmospheric Research (EDGAR)
(Olivier et al., 1998) as the default anthropogenic emissions. GC also
couples NH3 biofuel and natural-source emissions from the Global
Emissions Inventory Activity (GEIA) (Benkovitz et al., 1996). The
Global Fire Emission Database (GFED) version-3 inventory and a
global fossil fuel dataset (Cooke et al., 1999) are used to compute
natural and anthropogenic emissions, respectively, for the species
OC, BC, etc., in GC. GOCART uses the database of seasonal and
annual variations in burned biomass as its BC and OC emission
inventories (Duncan et al., 2003). This database is based on long-es) grids in China. Blue triangles indicate 24 AERONET sites containing AOD Level 2 data
gions. The developed/polluted North and South roughly are in the east of the Heihe-
West. The NCP and T-Desert represents China’s two largest anthropogenic and natu-
west (T-Desert), respectively. (For interpretation of the references to color in this ﬁgure
Table 1
Natural features of China’s four major geographical regions.
North South Northwest QTP
Territory North to Qinling Mountains-
Huaihe River









Topography Plateau, Plain Plain, Plateau, Basin, Hills Plateau, Basin, Mountain Plateau
Climate Temperature zone Warm Temperature Zone Torrid Zone Warm Temperature Zone Paramo Climate
Precipitation 400e800 mm >800 mm <400 mm
Dry-wet condition Sub-humid and Humid Zone Humid Zone Semiarid and Arid Zone
Vegetation Broadleaved, Deciduous,
Needle-leaved
Evergreen, Broadleaved Bare Areas, Herbaceous Herbaceous
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burned biomass.2.3. MISR retrievals
In the latest version 22, MISR aerosol product deﬁnes 74
different mixtures as the representative of global aerosol model.
Each mixture is made up of three “pure” aerosol components cor-
responding to inorganic aerosol (components 1, 2, 3, and 6,
including sulfate, nitrate, ammonium, etc.), absorbing non-dust
species (components 8 and 14, including BC, OC, brown carbon,
etc.), and dust (components 19 and 21) (Kahn et al., 2010b)). The
fractional contribution of different aerosol components to the total
AOD is also set in its 74 mixtures. Therefore, the AOD of component
i (t componenti) can be calculated by using Equation (2) (Liu et al.,
2007a,b, 2009).t componenti ¼
P74
j¼1tmixturej  Fractioncomponenti in mixturej  A mixturej
No: of successful mixtures
(2)Where tmixturej is the AOD of mixture j, and is reported in the
parameter ‘OptDepthPerMixture.’ A mixturej represents whether or
not a particular mixture passed the goodness-of-ﬁt tests, and is
indicated by the ﬁeld ‘AerRetrSuccFlagPerMixture.’
Fractioncomponent i in mixturej is the contribution of component i to
the total AOD for mixture j. The number of successful mixtures
(No: of successful mixtures) are reported in the MISR product as
‘NumSuccAerMixture.’ Total column AOD thus can be calculated by
averaging the AOD of all mixtures that pass goodness-of-ﬁt tests,
and is reported in the MISR product in the parameter
‘RegBestEstimateSpectralOptDepth.’
In this approach, MISR Level 2 aerosol data with a spatial reso-
lution of 17.6 km for the same period and geographic location as the
model simulations were downloaded from the NASA Langley
Research Center Atmospheric Sciences Data Center (http://eosweb.
larc.nasa.gov). The MISR cloud-free and GOCART pixels located in
the same GC grid cell were ﬁrst averaged because GC has the
coarsest spatial resolution (2  2.5). Next, model simulations at
10 a.m. local time, which roughly corresponds to the MISR overpass
time, were sampled for the MISR swath. Finally, the matched
datasets were processed at seasonal and annual time scales in
China.2.4. AERONET measurements
Recently, several researchers (Li et al., 2013c; Schuster et al.,2005; Wang et al., 2013) have developed methods for retrieving
columnar contents of aerosol components such as BC, brown car-
bon, and dust from AERONET data. For the period from 2006 to
2009, 24 AERONET sites contain Level 2 data (accessed at http://
aeronet.gsfc.nasa.gov). As shown in Fig. 1, most AERONET sites are
located in the North (7) or South (14) regions. In this study, the
AERONETAODs at 440 nm and 870 nmwere interpolated to 550 nm
using the Ångstr€om exponent (a440870) for comparison with the
CTM and satellite data. AERONET observations within 3-h windows
around satellite time steps (10:30 a.m., from UTC time) were
averaged, and matched to the nearest model grid cells for valida-
tion. Long time scale averages were further calculated based on the
matched data. It should be noted that the calculation of absorbing
aerosol optical properties generally uses the AERONET SSA, which
is only retrieved when the AOD at 440 nm is greater than 0.4 and
the solar zenith angle is larger than 50 (Dubovik et al., 2000, 2002).It should also be noted that coarse and ﬁne particles are usually
well mixed in China, but the current AERONET operational algo-
rithm assumes that aerosol refractive index does not change with
particle size, which can lead to SSA retrieval errors up to 0.05 (Xu
et al., 2015). In addition, the AERONET coverage is not dense
enough to capture all the diversity in aerosol type on continental
scales (Holben et al., 1998).3. Results and discussion
3.1. Total AOD
Fig. 2 shows the seasonal distributions of the GC, GOCART and
MISR AOD in China. The mean values for the nation and for each of
the six regions as well as for all four years and for each season are
given in Table 2.
1) Season
Both the models and satellite show a higher national AOD in
spring (GC: 0.25, GOCART: 0.3; MISR: 0.33) and summer (GC: 0.27,
GOCART: 0.25; MISR: 0.0.3) than in fall (GC: 0.0.15, GOCART: 0.21;
MISR: 0.17) or winter (GC: 0.08, GOCART: 0.16; MISR: 0.17). How-
ever, the simulated and retrieved seasonal AOD trends are different
from the surface PM2.5 measurements as documented in the pre-
vious literature. For example, in the NCP region, PM2.5 is high in
S. Li et al. / Atmospheric Environment 141 (2016) 320e332324winter but low in summer (Ma et al., 2014). The seasonal discrep-
ancy between AOD and PM2.5 is mainly caused by the impact of
aerosol vertical distribution and hygroscopic growth. Examining
the planetary boundary layer (PBL) and relative humidity (RH)
using four years of GEOS-5 data, the wintertime PBL in NCP is less
than 500 m, hindering the mixing of local emissions, while the
summertime PBL reaches up to 1000 m, creating strong vertical
interactions for pollutants. Second, aerosol can exhibit stronger
scattering in the wet summer (RH in NCP: 73%) than the dry winter
(55%). Our result is overall consistent with the ﬁndings of Qu et al.
(2016), which provided the details for the relationship between
PBL/RH and AOD in NCP. In addition, the regional biomass burning
in the summer harvest season, and the typical eastward open
topographical basin over NCP can result in high AOD in summer.
2) Geography
Aerosols concentrate east of the Heihe-Tengchong Line, with
high AOD value in the South (GC: 0.45, GOCART: 0.33; MISR: 0.38)
and NCP (GC: 0.31, GOCART: 0.37; MISR: 0.38). Unlike in theFig. 2. Distributions of seasonal average AOD at 550 nm from 2006 to 2009 in (a) Spring, (
spatially matched within (3) MISR cloud-free conditions.T-Desert (GC: 0.18, GOCART: 0.27; MISR: 0.36), the AOD reduces
from Heihe-Tengchong Line to west, with low AOD value in the
Northwest (GC: 0.1, GOCART: 0.21; MISR: 0.21) and QTP (GC: 0.06,
GOCART: 0.07; MISR: 0.14).
3) Discrepancy
The three datasets show the same AOD distribution overall. For
example, AOD peaks appear in the South and NCP from spring to
summer, and the lowest AOD is found in QTP throughout the year.
Compared to MISR, GC underestimated the AOD in the West and
Northeast during fall and winter, while GOCART underestimated
the AOD in the NCP and North during all seasons.
3.2. Validation of GC AOD
Notably, AOD validation requires comparison with ground ob-
servations. Previous studies have validated the MISR and GOCART
AOD against AERONET observations around the world and in China.
But no studies to date have speciﬁcally focused on comparing theb) Summer, (c) Fall, (d) Winter. (1) GC and (2) GOCART simulations are temporally and
Table 2
Mean GC, GOCART and MISR column aerosol optical depth in China.
National North South Northwest QTP NCP T-desert
Annual GC 0.17 0.17 0.45 0.10 0.06 0.31 0.18
GOCART 0.22 0.24 0.33 0.21 0.07 0.37 0.27
MISR 0.23 0.23 0.38 0.21 0.14 0.38 0.36
Spring GC 0.25 0.24 0.57 0.16 0.21 0.41 0.37
GOCART 0.30 0.31 0.42 0.28 0.15 0.41 0.41
MISR 0.33 0.33 0.46 0.29 0.30 0.43 0.46
Summer GC 0.27 0.26 0.54 0.16 0.18 0.64 0.18
GOCART 0.25 0.27 0.25 0.22 0.15 0.48 0.30
MISR 0.30 0.29 0.46 0.23 0.29 0.64 0.47
Fall GC 0.15 0.13 0.46 0.07 0.04 0.27 0.09
GOCART 0.21 0.21 0.34 0.20 0.06 0.34 0.25
MISR 0.17 0.16 0.36 0.13 0.10 0.33 0.23
Winter GC 0.08 0.07 0.33 0.04 0.03 0.13 0.07
GOCART 0.16 0.19 0.32 0.17 0.05 0.30 0.17
MISR 0.17 0.16 0.30 0.18 0.10 0.26 0.29
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China. We conducted a focused validation for GC AOD in China
following the same validation method used in the U.S. (Li et al.,
2013a). Fig. 3 shows the validation of GC AOD in terms of the
daily and monthly means using AERONET observations. The very
large number of matched samples (n ¼ 16,789) and the similarity
between the correlation coefﬁcients for China (daily: 0.57;
monthly: 0.72) and the U.S. (daily: 0.6; monthly: 0.71) (Li et al.,
2013a) both indicate that the GC data are robust. The two coun-
tries differ in that the slope for China (daily: 0.41, monthly: 0.58) is
lower than that for the U.S. (daily: 0.51, monthly: 0.71), which
means that GC further underestimates Chinese AOD values. This
can be attributed to the inability of GC to capture high AOD values
due to the coarse spatial resolution as well as the lack of informa-
tion on the emissions, transport, and related chemical mechanisms.
These limitations are evenworse in China because of the extremely
high aerosol loading. For example, there are hundreds of AERONET
Level 2.0 AODs greater than 2, while almost all AODs in the U.S. are
lower than 1. Therefore, the max and mean values for GC differ
more substantially from those of AERONET in China (e.g., mean GC:
0.3, mean AERONET: 0.49) than in the U.S. (mean GC: 0.09, mean
AERONET: 0.11). For comparison, we also validated the monthly
averaged GOCART and MISR AOD as GC simulations. Overall, the
MISR AOD is more strongly correlated with the AERONET values (r:
0.92, slope: 0.64) but much less samples (n: 81) than GC and
GOCART (r: 0.73, slope: 0.38, n: 1164) simulations because of its
real-time monitoring, high resolution, and powerful EOF retrieval
algorithm.
Table 3 is the comparison of monthly GC and AERONET data
with different spatial-temporal patterns. Seasonally, the mean
values indicate that the underestimations of GC in fall and winter
are more signiﬁcant than those in spring and summer. Linear
regression analysis shows that the slope and the correlation coef-
ﬁcient between GC and AERONETare the highest in summer (slope:
0.63; r: 0.8) and lowest inwinter (slope: 0.44; r: 0.55). It is probable
that the wintertime atmospheric stability limits aerosol mixing,
increasing the mismatch between the 2  2.5 GC grid and the
point AERONET measurement. Geographically, GC underestimates
the AOD values in the South by a factor of ~2 but yields values
comparable to the AERONET observations in other regions. This
phenomenon is also found in other regions with strong precipita-
tion (Veefkind et al., 2011) (e.g., the state of California in the U.S. in
the study of (Li et al., 2013a)). The slope, intercept, and correlation
coefﬁcient are better in the North (slope: 0.5, intercept: 0.13, r:
0.67) and the South (slope: 0.61, intercept: 0.03, r: 0.71) than in
the Northwest (slope: 0.2, intercept: 0.29, r: 0.22) and the QTP
(slope: 0.31, intercept: 0.01, r: 0.54). Our ﬁndings are also similar toﬁndings for the U.S., where the relationship between GC and
AERONET is stronger in the densely populated and developed
eastern U.S. than in the sparsely populated western U.S.
3.3. Water-soluble AOD
In Fig. 4 and Table 4, both the models and MISR show a large
contribution of water-soluble AOD (WAOD) to total AOD (TAOD).
The national annual mean WAOD varies from 0.095 (GOCART) and
0.11 (GC) to 0.155 (MISR) and accounts for 43.2%, 64.7%, and 67.4% of
TAOD, respectively.
1) Season
The temporal WAOD variations highly correspond to the
weather conditions, with high values in thewarm/wet summer and
low values in the cold/dry winter. In summer, high temperatures
and strong oxidation (high O3 concentration) are conducive to the
rapid transformation of local gas precursors (e.g., SO2, NOx, and
NH3) to SNA. In addition, the West Paciﬁc Subtropical High can
bring large amounts of water vapor to accelerate the hygroscopic
growth of water-soluble aerosols. Inwinter, theWAOD in the North
is not high because the weak oxidation delays the gas-to-particle
conversion. In addition, the wintertime aerosol hygroscopic
growth is slow in a low water vapor environment.
2) Geography
The WAOD in the NCP and South is 2e3 times higher than the
WAOD in the West, as shown in Table 5. The NCP and South are the
most densely populated areas in the world and contain a cluster of
megacities, including Beijing, Shanghai, and Guangzhou. The eco-
nomic development and associated fossil fuel consumption are
much lower in the West and QTP than in the East. Furthermore, the
inﬂuences of the pollutant transport and the East Asian monsoon
are weak because of the barrier effect of the mountains (e.g., Tai-
hang Mountain).
3) Discrepancy
We attribute the discrepancies among the three datasets to the
following factors. Overall, GC underestimates the water-soluble
aerosol level in the Northwest. In contrast to the smooth transi-
tion from Northwest to Southeast in MISR and GOCART, an obvious
barrier can be found near the Heihe-Tengchong Line. Although,
unlike eastern China, the under-developed Northwest and QTP are
not greatly inﬂuenced by increasing fossil fuel consumption, GC still
Fig. 3. Validation of (a) the daily and (b) monthly mean GC AOD, as well as (c) the monthly mean (c) GOCART and (d) MISR AOD by using AERONET observations. The linear
regression line is shown as the black line. The color bar represents the number of data points with those particular ordered pair values. (For interpretation of the references to color
in this ﬁgure legend, the reader is referred to the web version of this article.)
Table 3
Statistics for AERONET and GC monthly mean AOD by season and geographical region.
N1 N2 Mean Min Max Slope Intercept r
All dataset AERONET 24 1164 0.49 0.02 2.1 0.58 0.02 0.72
GC 0.3 0.006 1.59
Spring AERONET 17 418 0.53 0.02 1.15 0.56 0.06 0.58
GC 0.36 0.02 1.04
Summer AERONET 21 361 0.48 0.02 2.1 0.63 0.05 0.8
GC 0.30 0.02 1.59
Fall AERONET 20 300 0.44 0.02 1.67 0.46 0.05 0.71
GC 0.25 0.008 1.03
Winter AERONET 17 85 0.43 0.02 0.97 0.44 0.03 0.55
GC 0.22 0.006 0.75
North AERONET 7 330 0.54 0.10 1.85 0.5 0.13 0.67
GC 0.40 0.06 1.17
South AERONET 14 715 0.52 0.03 2.10 0.61 0.03 0.71
GC 0.29 0.02 1.59
Northwest AERONET 2 26 0.42 0.23 0.98 0.2 0.29 0.22
GC 0.38 0.23 1.04
QTP AERONET 1 93 0.05 0.02 0.17 0.31 0.01 0.54
GC 0.03 0.006 0.07
N1is the number of AERONET stations used, N2 refers to matched samples.
Mean, Min and Max represents the mean, min and max AOD value, respectively.
S. Li et al. / Atmospheric Environment 141 (2016) 320e332326seems to underestimate the anthropogenic emissions in the West.
This abrupt change was also found in the U.S., where the WAOD
descends from East to West through the boundary of the Rocky
Mountains (Li et al., 2013a). In addition, solid sulfate is likely to be
more widespread in the Northwest than in the East. When only
accounting for ammonium sulfate, GC at least underestimates 20%
of the sulfate AOD (Wang et al., 2008). Meanwhile, GOCART is less
able to capture the high WAOD in the polluted South and NCP than
GC and MISR due to the lack of nitrate and ammonium aerosols.
This underestimation of GOCART WAOD also exhibits a pattern,
with greater discrepancies in the south/summer and smallerdiscrepancies in the north/winter. As shown in Table 5, the GOCART
WAOD is almost 3 times lower than the GCWAOD in summer in the
South (GOCART: 0.18; GC: 0.49) but is comparable in the winter of
NCP (GOCART: 0.098; GC: 0.092). This trend may be caused by the
impact of hygroscopic growth on nitrate and ammonium aerosol,
which GOCART misses. Overall, the GC and GOCART WAOD values
show a consistent spatial-temporal distribution, most likely
because both models use similar GEOS meteorological data and the
EDGAR data as the default anthropogenic emissions. However, the
complex aerosol components currently found in China may result
in the use of inaccurate aerosol optical properties and
Fig. 4. Same as Fig. 2 but for water-soluble AOD distribution. Note the color bar ranges from 0 to 0.33. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)
S. Li et al. / Atmospheric Environment 141 (2016) 320e332 327photochemical processes in both models. Based on the T-matrix
method, Fan et al. (Fan et al., 2012) found that the particle shape
and the relative humidity could inﬂuence the scattering properties
of non-spherical particles and aggregates.
The MISR AOD in the West is larger than those of GC and
GOCART, especially in dust-dominated regions. The largest differ-
ence is found over the T-Desert, where the MISR WAOD is higher
than the GC and GOCART simulation values by a factor of approx-
imately 3e4. This is because many mixtures with water-soluble
aerosol components (mixture Nos. 1 to 30) pass the MISR
retrieval acceptance criteria in western China. Using the sensitivity
method as in (Liu et al., 2007a), we ﬁnd that the error of the currentTable 4
Average contribution of each componential AOD to total AOD at the national scale.
Water-soluble AOD Dust AOD Soot AOD
GC 64.7% 25.3% 10%
GOCART 43.2% 42.2% 14.5%
MISR 67.4% 10% 22.6%MISR Version 22 product in distinguishing non-dust particles from
dust particles is at least 50% in the T-Desert region, which is much
larger than the error of approximately 4% found in the U.S. (Liu
et al., 2007a).3.4. Dust AOD
The national annual mean dust AOD (DAOD) of GC, GOCART and
MISR are 0.043, 0.093 and 0.023, respectively, accounting for a
lower proportion of TAOD (GC: 25.3%, GOCART: 42.2%, MISR: 10%)
than does WAOD (Fig. 5, Tables 4 and 6).
1) Season
All datasets yield the highest DAOD in spring (GC: 0.1, GOCART:
0.19; MISR: 0.036), as shown in Table 6. The dust contribution
weakens after the summer, decreasing to 12e46% of the springtime
maximum DAOD in the fall and winter. In spring, the soil is loose
because of surface thawing and sparse vegetation; meanwhile, the
Table 5
Mean GC, GOCART and MISR water-soluble aerosol optical depth in China.
National North South Northwest QTP NCP T-desert
Annual GC 0.11 0.11 0.38 0.035 0.017 0.22 0.038
GOCART 0.095 0.17 0.2 0.052 0.021 0.16 0.041
MISR 0.16 0.15 0.28 0.15 0.095 0.28 0.29
Spring GC 0.12 0.12 0.39 0.04 0.027 0.21 0.042
GOCART 0.11 0.13 0.22 0.049 0.028 0.15 0.039
MISR 0.22 0.21 0.32 0.22 0.22 0.29 0.39
Summer GC 0.2 0.19 0.49 0.061 0.049 0.54 0.048
GOCART 0.14 0.17 0.18 0.066 0.026 0.34 0.041
MISR 0.22 0.2 0.36 0.18 0.23 0.54 0.42
Fall GC 0.11 0.087 0.39 0.034 0.014 0.21 0.028
GOCART 0.092 0.089 0.23 0.055 0.02 0.16 0.041
MISR 0.12 0.097 0.27 0.089 0.069 0.26 0.19
Winter GC 0.063 0.052 0.29 0.023 0.014 0.092 0.037
GOCART 0.067 0.084 0.18 0.047 0.019 0.098 0.043
MISR 0.11 0.083 0.21 0.12 0.064 0.17 0.22
S. Li et al. / Atmospheric Environment 141 (2016) 320e332328rising ground temperature increases the vertical air ﬂow. The dust
is blown up to high altitudes and transported to other regions by
strong winds.
2) Geography
Dust aerosols are mainly distributed in the Northwest (GC:
0.053; GOCART: 0.14; MISR: 0.02). As shown in Fig. 1, the Northwest
is covered by barren and herbaceous land. Model simulations show
that the DAOD is the highest in the T-Desert, with an annual mean
of 0.13 for GC and 0.28 for GOCART. Dust also plays a greater role in
the North, with DAOD representing ~30% (GC) and ~45% (GOCART)
of the TAOD in springtime. Because of its closeness to the West and
relatively ﬂat topography, the North is more vulnerable to dust
transport than the South or QTP.
3) Discrepancy
GC exhibits a weaker dust estimation capability than GOCART.
The GC DAOD is much lower than the GOCART values from fall to
winter over the Northwest and North. Ground-based sun pho-
tometers measured the wintertime AOD and Ångstr€om exponent at
the center of T-Desert are >0.2 and < 0.7, respectively. Assuming
that dust can account for more than 50% of the TAOD, the winter-
time DAOD in the T-Desert should be greater than 0.1; however, the
GC DAOD is only 0.022, whereas the GOCART value is 0.15. Our
ﬁnding indicates that the emissions rate in dust source regions and
the transport during fall and winter may be underestimated in GC.
In addition, new tracers representing dust-sulfate, dust-nitrate and
dust alkalinity and the new dust size distribution scheme, which
will be added to or updated in the latest GC modules (http://wiki.
geos-chem.org/), may be especially necessary for Chinese dust
simulations. It should also be noted that the dust mass in the
smallest (0.1e1.0 mm) transport tracer was partitioned equally be-
tween four bins used for the optical calculations in the GC’s early
version. Themass fraction in each bin is now 6%,12%, 24%, 58% from
smallest to largest, rather than 25% in each. The result of this
change in dust particle size is a reduction in the AOD of up to 25%
close to source and up to 40% downwind where sub-micron aerosol
dominate (Ridley et al., 2012).
Compared to the models, MISR signiﬁcantly underestimated the
DAOD during all seasons and in all regions. In the West and spring,
the simulated DAOD values are 10 times higher than the MISR re-
trievals. We attributed the limitations of MISR to two factors. First,
the current V22 MISR aerosol climatology lacks plate-like and
strong-absorbent dust particles (Kalashnikova et al., 2005) as well
as certain mixtures, such as medium, spherical, absorbing (smoke)particles combined with dust (Kahn et al., 2010a), which can lead to
the underestimation of DAOD. Second and more importantly, MISR
misidentiﬁes at least 50% of non-dust mixtures (mixture Nos. 1 to
50) as dust mixtures (mixture Nos. 50 to 74) in the T-Desert, as
mentioned in the last section, which can lead to a high proportion
of WAOD and low proportion of DAOD. Although MISR total AOD
agrees with ground-based measurements very well in dust source
regions, our ﬁnding indicates that the DAOD proportion in MISR
total AOD is very low in the T-Desert. Therefore, constraining MISR
mixtures by introducing model aerosol simulations (e.g., GOCART
dust) can also be used to improve MISR’s capability to infer the
aerosol components in high dust loading conditions in China.
3.5. Soot AOD
Fig. 6, Tables 4 and 7 show that the soot AOD (SAOD) levels are
the lowest, with national annual means of 0.017 (GC), 0.032
(GOCART), and 0.052 (MISR), accounting for 10%,14.5% and 22.6% of
the total AOD, respectively.
1) Season
Each dataset shows different seasonal variations at the national
scale. For GC, the springtime (0.03) and summertime (0.026) SAOD
are almost 2e4 times higher than the autumn (0.013) and winter
(0.008) values (Table 7). Meanwhile, the GOCART values vary little
by season. The standard deviation calculated from the four seasonal
means is 0.004, or 12.5% of the annual mean (0.032). The highest
MISR SAOD is observed in spring (0.07), followed by fall (0.049),
winter (0.047), and summer (0.043).
2) Geography
All datasets show that the SAOD in the South (annual mean for
GC: 0.033; GOCART: 0.073; MISR: 0.059) and North (GC: 0.024;
GOCART: 0.039; MISR: 0.066), which is dominated by anthropo-
genic emissions, is much higher than that in Northwest (GC: 0.007;
GOCART: 0.014; MISR: 0.039) and QTP (GC: 0.004; GOCART: 0.01;
MISR: 0.026), which is most likely naturally occurring. In addition
to vehicle and industrial emissions, high BC concentrations in the
North are due to incomplete combustion in winter heating. In the
NCP and South, agricultural ﬁeld burning plays an important role in
the high soot pollution (Huang et al., 2012), and the South is
strongly affected by the outﬂow of seasonal biomass burning in
Southeast Asia (Liu et al., 2003).
3) Discrepancy
Fig. 5. Same as Fig. 2 but for mineral dust AOD distribution. Note the color bar ranges from 0 to 0.33. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)
Table 6
Mean GC, GOCART and MISR dust aerosol optical depth in China.
National North South Northwest QTP NCP T-desert
Annual GC 0.043 0.037 0.044 0.053 0.041 0.071 0.13
GOCART 0.093 0.089 0.059 0.14 0.041 0.13 0.28
MISR 0.023 0.02 0.043 0.02 0.017 0.042 0.038
Spring GC 0.1 0.074 0.13 0.11 0.18 0.17 0.32
GOCART 0.19 0.14 0.12 0.22 0.12 0.21 0.36
MISR 0.036 0.031 0.067 0.034 0.034 0.072 0.061
Summer GC 0.048 0.038 0.017 0.086 0.124 0.067 0.12
GOCART 0.072 0.059 0.019 0.14 0.11 0.073 0.25
MISR 0.035 0.035 0.056 0.02 0.031 0.064 0.037
Fall GC 0.029 0.027 0.041 0.032 0.023 0.046 0.052
GOCART 0.088 0.087 0.055 0.13 0.031 0.12 0.2
MISR 0.01 0.007 0.035 0.007 0.01 0.023 0.018
Winter GC 0.012 0.01 0.013 0.015 0.009 0.024 0.024
GOCART 0.066 0.068 0.048 0.106 0.021 0.12 0.11
MISR 0.016 0.009 0.028 0.018 0.014 0.024 0.031
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Fig. 6. Same as Fig. 2 but for soot AOD distribution. Note the color bar ranges from 0 to 0.33. (For interpretation of the references to color in this ﬁgure legend, the reader is referred
to the web version of this article.)
Table 7
Mean GC, GOCART and MISR soot aerosol optical depth in China.
National North South Northwest QTP NCP T-desert
Annual GC 0.017 0.024 0.033 0.007 0.004 0.018 0.006
GOCART 0.032 0.039 0.073 0.014 0.01 0.071 0.013
MISR 0.052 0.066 0.059 0.039 0.026 0.054 0.029
Spring GC 0.03 0.044 0.04 0.009 0.004 0.023 0.005
GOCART 0.035 0.045 0.072 0.013 0.009 0.052 0.01
MISR 0.07 0.093 0.066 0.041 0.04 0.064 0.017
Summer GC 0.026 0.031 0.031 0.012 0.006 0.028 0.007
GOCART 0.036 0.039 0.057 0.018 0.01 0.067 0.012
MISR 0.043 0.047 0.053 0.03 0.029 0.038 0.022
Fall GC 0.013 0.014 0.03 0.005 0.002 0.017 0.006
GOCART 0.027 0.029 0.058 0.013 0.008 0.06 0.011
MISR 0.049 0.057 0.054 0.034 0.024 0.04 0.027
Winter GC 0.008 0.007 0.031 0.004 0.004 0.011 0.006
GOCART 0.031 0.041 0.093 0.013 0.011 0.089 0.016
MISR 0.047 0.066 0.061 0.043 0.023 0.063 0.041
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S. Li et al. / Atmospheric Environment 141 (2016) 320e332 331ComparedwithMISR retrievals, model simulations are generally
biased low. The average ratios of GC and GOCART to MISR SAOD are
0.33 and 0.62, respectively. Due to the difﬁculty of obtaining
complete and accurate statistics for carbonaceous aerosol sources
(e.g., industry, cooking, open ﬁre) (Bond et al., 2004), the un-
certainties for BC and OC emissions in all CTMs are inevitably very
high, being ±360% (BC) and ±450% (OC) for China in the Transport
and Chemical Evolution over the Paciﬁc (TRACE-P) inventory
(Streets et al., 2003). By incorporating more information about
small industries, residential coal combustion, and vehicle emissions
in China, Zhang et al. (2009) has improved the BC and OC emission
factors in the NASA INTEX-B mission. However, the estimated un-
certainties for China’s BC and OC emissions in the year 2006 are still
as high as ±208% (BC) and ±258% (OC). For GC, although the
regional and seasonal SAOD values agree well with GOCART and
MISR, a systematic under-predicting of SAOD by the GC simulation
is found for all seasons and regions. Previous studies of inventory
uncertainties also suggested increasing GC OC and BC emission
estimates under most conditions in China (Carmichael et al., 2003;
Tan et al., 2004). We note that the commonplace agricultural ﬁeld
burnings in eastern China could not be well represented by the GC
GFED inventories, inwhich the used pixel size is too large to capture
these small ﬁres. The GOCART simulations are superior to the GC
simulations overall and are somewhat comparable with the MISR
values. For example, the springtime SAOD peak in Fig. 6 and Table 7
is located in the Central China Plain and Sichuan Basin of the South
(GOCART: 0.072, MISR: 0.066) and the NCP (GOCART: 0.052, MISR:
0.064). However, the current GOCART inventories also have sub-
stantial uncertainties. On one hand, the anthropogenic soot emis-
sions over Northeast China are signiﬁcantly underestimated in
GOCART. The SAOD in the Northeast China in spring and winter is
2e4 times lower than the MISR SAOD. On the other hand, the
GOCART SAOD in Southeastern China may be overestimated. Our
estimations of GOCART soot distributions are similar to those of
previous studies (Hakami et al., 2005), inwhich the BC emissions in
the South were overestimated but those in the Northeast were
underestimated.
MISR further improves upon the GOCART SAOD. MISR can
capture high soot concentrations in Northeast China, but it still
omits spherical absorbing particles of certain sizes as well as mix-
tures containing both spherical and absorbing smoke analogs
(Kahn et al., 2010a). Furthermore, a previous sensitivity analysis for
MISR mixtures revealed a 15% uncertainty in distinguishing light-
absorbing-non-dust aerosol and non-light-absorbing aerosols.
These two factors may be important contributors to the underes-
timation of MISR SAOD under some conditions in China, such as the
summer NCP. However, considering the huge uncertainties in
various carbonaceous aerosol sources in China, the MISR SAOD is
valuable enough to improve the model BC and OC emissions.
4. Conclusions
This study ﬁrst compared the seasonal AOD distributions in
China. GC and GOCARTgenerally underestimate AOD under various
conditions relative to MISR. Second, GC AOD was validated for the
ﬁrst time by Chinese AERONET data on daily and monthly scales
and in different seasons and geographical regions. The similarities
in the GC-AERONET correlations for China (r: 0.6 daily and 0.71
monthly) and the U.S. indicate that GC can reproduce the observed
AOD, especially in densely populated eastern regions. However, GC
shows poorer performance for high AOD values, mainly due to
China’s extremely high aerosol loading.
Water-soluble aerosol is the most prevalent pollutant in China,
with the greatest inﬂuence on the total AOD. GC was unable to
capture the WAOD in the sparsely populated northwest. It ispossible that the GC treats the Heihe-Tengchong Line as barriers.
GOCART does not include nitrate and ammonium in its aerosol
product and thus under-predicts the WAOD in the polluted South
and NCP regions. MISR overestimates the WAOD in the West,
especially in the dust source regions, where the WAOD is over-
estimated by a factor of 3e4.
All data sets show almost the same spatial-temporal distribu-
tions of dust aerosol, in which the DAOD level is high in the spring
and the Northwest and decreases in Eastern China beginning in the
summer. GOCART exhibits the strongest dust estimation capability.
GC underestimates the fall and winter DAOD throughout the
country because of the low dust emission rate and the lack of dust
particles in the model. The extremely low DAOD value in the West
further indicates that MISR misidentiﬁes at least 50% of dust and
non-dust aerosol mixtures in desert source regions of China.
Soot aerosol represents the lowest proportion of AOD but has
different seasonal variations among all studied datasets. GC esti-
mates the minimum SAOD throughout the year and country. The
GOCART SAOD is an improvement over the GC SAOD, but GOCART
still underestimates the anthropogenic soot emissions over
Northeast China. In contrast, GOCART BC emissions in the South-
east may be overestimated. MISR can capture high soot concen-
trations on a national scale, especially in Northeast China, but
slightly underestimates SAOD in the NCP. However, our study may
not in-depth analyses on the model-satellite difference due to the
lack of ground truth data. In future, we will collect more observa-
tions from in-situ measurements and ﬁeld campaigns to accurately
validate the model and satellite results. Overall, our goal is to
provide guidance to model and satellite developers to improve
their product strength, as well as the high quality aerosol compo-
nent data to support climate change research, PM2.5 source
appointment and epidemiological studies in China.Acknowledgements
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